The purpose of this paper is to evaluate the forecasting performance of linear and non-linear generalized autoregressive conditional heteroskedasticity (GARCH)-class models in terms of their in-sample and out-of-sample forecasting accuracy for the Tadawul All Share Index (TASI) and the Tadawul Industrial Petrochemical Industries Share Index (TIPISI) for petrochemical industries. We use the daily price data of the TASI and the TIPISI for the period of 10 September 2007 to 26 February 2015. The results suggest that the Asymmetric Power of ARCH (APARCH) model is the most accurate model in the GARCH class for forecasting the volatility of both the TASI and the TIPISI in the context of petrochemical industries, as this model outperforms the other models in model estimation and daily out-of-sample volatility forecasting of the two indices. This study is useful for the dataset examined, because the results provide a basis for traders, policy-makers, and international investors to make decisions using this model to forecast the risks associated with investing in the Saudi stock market, within certain limitations.
Introduction
Given that it affects consumer spending, investors' willingness to hold risky assets, and corporations' investment decisions, stock market volatility has a number of implications for the real economy (e.g., Fornari and Mele 2009) . Understanding volatility, forecasting it accurately, and managing the exposure to risk of an investment portfolio are all crucial to making sound investment decisions (Figlewski 2004) . Further, forecasting volatility is critical in many areas of finance, such as Value-at-Risk applications, option pricing, and portfolio selection (Gabriel 2012) . Thus, a growing body of literature is focused on modeling and forecasting stock market risks in both developed and emerging markets Kanaryan 2008, 2009; Carvalho et al. 2006; Kovačić 2007; Hamadu and Ibiwoye 2010; Wei et al. 2010; Gabriel 2012; Al Rahahleh 2017) to explore the extent of volatility in the current stock market environment and the impact of volatility in this context.
Recent years have seen strong interest in oil price volatility on the part of a number of researchers, who have found that it has an impact on stock market returns. For example, Basher and Sadorsky (2006) found that changes in the price of oil has an effect on stock returns in emerging markets. Mohanty et al. (2011) showed that at the country level, stock markets have significant positive exposure to oil price shocks, and that oil price changes have asymmetric effects on stock market returns at both the country and industry levels. Further, by using vector autoregression (VAR models) and co-integration tests, Hammoudeh and Aleisa (2004) found a bidirectional relationship between Saudi stock returns and changes in the price of oil. Their results are similar to those reported by Onour (2007) , who found that a change in the price of oil has an impact on returns from the stock markets of Gulf Cooperation Council (GCC) countries in the long run.
Despite the importance of volatility as a feature of today's financial markets, most of the research published to date looks at the relationship and the co-movement between oil price changes and Saudi stock prices. In general, researchers have focused on determining whether stock prices are sensitive to changes in the oil market. However, there is little research on determining the most appropriate model for forecasting the volatility of the Saudi stock market index, which is highly correlated with changes in the price of oil, and subsequently shows a high level of volatility. Considerably more information in this regard is essential if we are to further the field's understanding of these rapidly growing emerging markets. Further, a clearer understanding of the Saudi stock market would be of interest to international investors trading or planning to trade in open-ended mutual funds. In other words, it is important to model and forecast the volatility of daily returns, given that optimal investment decisions depend on understanding how returns can fluctuate over time.
The purpose of the present study is to examine the return and volatility behavior of the Saudi stock market, which has not been analyzed in any comprehensive way in previous studies. For this reason, we calculate the out-of-sample forecasts of this volatility, and evaluate the performance of linear and non-linear generalized autoregressive conditional heteroskedasticity (GARCH)-class models in terms of their ability to capture the characteristics of the Saudi stock market. We selected this market because it is the largest of the Gulf Cooperation Council (GCC) countries', accounting for about 50% of the six GCC stock markets (Sedik and Williams 2011) , and making up one-third of the Arab countries' stock markets. Further, Saudi Arabia is an oil-dependent country that is highly sensitive to changes in the oil market. Shocks that hit the volatile oil market affect the Saudi market directly, which presents a unique case for forecasting the latter's volatility. In addition, Hammoudeh and Li (2008) have shown that Saudi Arabia, with the exception of Kuwait, is the GCC country that is most dependent on oil as measured by the ratio of oil exports to total exports (80%). It also comes after Oman, as measured by the ratio of oil revenues to total government revenue (73%) during the period of 1998-2002. In the present paper, we aim to provide the investment community with a model for assessing and forecasting the risks associated with the Saudi stock market, so that investors can hedge against risk and manage their investment portfolios effectively. We also determine the most appropriate forecasting model for the petrochemical sector index 1 in the Saudi stock market, as this non-oil sector accounted for 42% of Saudi Arabia's gross domestic product (GDP) in 2011 and was the biggest contributor to non-oil exports from Saudi Arabia that same year.
We use multiple linear and non-linear GARCH models to demonstrate forecasting performance in the thin emerging stock markets of the Gulf countries, thereby breaking new ground in the existing literature that is pertinent to estimating stock market volatility. First, we estimate six GARCH-class models: generalized autoregressive conditional heteroskedasticity (GARCH), autoregressive GARCH (AR-GARCH), integrated GARCH (IGARCH), exponential GARCH (EGARCH), Asymmetric Power of ARCH (APARCH), and Glosten-Jagannathan-Runkle (GJR-GARCH). We use a wider selection of GARCH models than is the case in previous studies, and we apply the models for a longer period of time.
1
The petrochemical sector index is one of the largest contributors to the TASI. The index tracks the performance of 14 companies: Advanced Petrochemical Co., Alujain Corp., Methanol Chemicals Co., Nama Chemicals Co., National Industrialization Co., National Petrochemical Co., Rabigh Refining and Petrochemical Co., Sahara Petrochemical Co., Saudi Arabia Fertilizers Co., Saudi Basic Industries Corp., Saudi Industrial Investment Group, Saudi International Petrochemical Co., Saudi Kayan Petrochemical Co., and Yanbu National Petrochemical Co.
We adopt three loss functions as the forecasting criteria to examine the most appropriate models for modeling the volatility of the Tadawul All Share Index (TASI) and the Tadawul Industrial Petrochemical Industries Share Index (TIPISI). We selected this industrial sector because it is the largest contributor to exports from Saudi Arabia.
The paper proceeds according to the following sequence. In Section 2, we review the literature related to modeling and forecasting stock market volatility. In Section 3, we describe the data and the methodology used herein. We present the empirical results of out-of-sample volatility forecasting for the stock and petrochemical markets with GARCH-class models in Section 4, and the concluding remarks are in Section 5.
Literature Review
Many economists and financial professionals use GARCH models (Engle in 1982 and 1986) to guide their stock market dealings in regard to trading, investing, and hedging. Two approaches that are widely used to estimate financial volatility are the classic historical volatility (VolSD) method and the exponentially weighted moving average volatility (VolEWMA) method. Franses and Dijk (1996) applied the GARCH model and two of its non-linear modifications to forecast weekly stock market volatility in Germany, the Netherlands, Spain, Italy, and Sweden. According to their findings, the quadratic GARCH model can be used to significantly improve on the linear GARCH model if extreme events, such as the 1987 stock market crash, are excluded from the forecasting models. McMillan et al. (2000) analyzed the variety of volatility with GARCH models comprising asymmetric threshold GARCH (TGARCH) and exponential GARCH to forecast the indices of the daily, weekly, and monthly volatility of the United Kingdom (UK) Financial Times Actuaries (FTA) All Shares and Financial Times Stock Exchange (FTSE) stocks. They concluded that the GARCH, moving average, and exponential smoothing models produce the most consistent forecasting outcomes for all the frequencies of the 100 indices included in the study. Engle (2001) showed that these approaches can be applied with a high degree of success in relation to the in Nasdaq, Dow Jones, bonds, and composite portfolios. Econometric analyses of risk have been integrated into financial decisions pertinent to asset pricing, portfolio optimization, option pricing, and risk management. Engle (2001) used analyses of ARCH, GARCH, Value-at-Risk, and in-sample and out-of-sample portfolio losses to test and present a statistical stage on asset pricing and portfolio analysis. Ng and McAleer (2004) applied simple GARCH(1,1) and TARCH(1,1) models to estimating and forecasting the volatility of the daily returns of the Standard and Poor (S&P) 500 Composite Index and the Nikkei 225 Index. Their results showed that the threshold ARCH (TARCH)(1,1) model is a better fit than the GARCH(1,1) model for the S&P 500 dataset, whereas the opposite is the case for the Nikkei 225 Index in most of the cases. Patev and Kanaryan (2008) examined the volatility of the central European stock market during the major crises of this emerging market for the period of 30 April 1996 to 31 May 2002. Six asymmetric and two symmetric GARCH models were used to perform the in-sample and out-of-sample forecasts. Patev and Kanaryan (2008) applied diagnostic tests developed by Engle and Ng (1993) to determine the impact of the news for the study period. Their findings suggest that negative return shocks are more volatile than positive return shocks after a financial crisis. However, the asymmetric GARCH model with non-normal distributed residuals can interpret most of the outcomes of stock market volatility.
In a study of the five stocks traded most in the Brazilian financial market, Carvalho et al. (2006) found the distributions of the volatility values to be nearly lognormal and the distribution of the standardized returns to be Gaussian for the Brazilian stocks. Furthermore, they showed the log realized volatility to be nearly Gaussian. The researchers also considered the log realized volatility as an observed variable, instead of as a latent variable as in the ARCH approach, and estimated a simple linear model to forecast the out-of-sample values. They indicated that it is difficult to distinguish the performance of the various alternatives when using standard methods to evaluate the volatility.
In addition, Kovačić (2007) explored the performance of stock returns and evaluated the outcomes with conditional volatility in the emerging stock market of the Macedonian Stock Exchange. They also adopted the GARCH-in-mean (GARCH-M) model and tested the conditional variance with one symmetric GARCH and four asymmetric GARCH models, i.e., EGARCH, GJR, TARCH, and Power GARCH (PGARCH). They examined the accuracy of these GARCH models for forecasting volatility under various error distributions. The GARCH models with a non-Gaussian error distribution performed better than the other models in measuring the accuracy of in-sample and out-of-sample forecasting outcomes. Patev and Kanaryan (2009) examined the risk associated with investing in the Bulgarian stock market by assessing and forecasting market risk. They showed that the Bulgarian Stock Exchange Index (SOFIX) shares the basic characteristics observed in most of the emerging stock markets such as high risk with significant auto correlation, non-normality, and volatility clustering. The researchers applied three models to measure risk in the Bulgarian stock market, including RiskMetrics, Exponentially Weighted Moving Average (EWMA) with t-distributed innovations, and EWMA with Generalized Error Distribution (GED)-distributed innovations. The results show that EWMA with t-distributed innovations and EWMA with GED-distributed innovations accurately evaluated the risk of trading in the Bulgarian stock market. Wei et al. (2010) used a number of GARCH-class models to analyze the volatility of the Brent and West Texas Intermediate crude oil markets. Using the predictive ability test with loss functions, they evaluated out-of-sample volatility forecasts for the GARCH-class models for various days. In this energy market study, no single model outperformed all of the other models with different loss functions. However, unlike the linear GARCH-class models, the non-linear GARCH-class models were capable of capturing long-memory effects such that the latter returned more accurate forecasts than the former.
According to a study by Hamadu and Ibiwoye (2010) , the exponential generalized autoregressive conditional heteroskedastic (EGARCH) model is more suitable for modeling stock price returns than other GARACH models. That is, the EGARCH model outperformed the other models that were tested in model-estimating evaluation and out-of-sample volatility forecasting.
In addition, Gabriel (2012) evaluated the forecasting accuracy of GARCH-type models with in-sample and out-of-sample cases in the Romanian stock market. He found the GARCH model with asymmetric influence that was incorporated by using a dummy variable model to be the most successful in forecasting the volatility of the Bucharest Exchange Trading Index (BET). The results provide strong evidence indicating that daily returns can be measured by GARCH-type models, especially by (TGARCH) and (PGARCH), which yielded outstanding performance with the information conditions and the log-likelihood function.
Al Freedi et al. (2012) examined several stylized facts (i.e., heavy-tailedness, leverage effect, and persistence) in terms of the volatility of stock price returns for the Saudi Arabian stock market for the period of 1 January 1994 to 31 March 2009. Their results showed that asymmetric models with heavy-tailed density improve overall estimations of the conditional variance equation. Additionally, they concluded that the first order autoregressive time series [AR(1)]-GJR GARCH model with Student t-distribution outperformed the other models for the period immediately before and the period of the local crisis in 2006, whereas the AR (1)-GARCH model with GED performed better than the other models for the period following the crisis.
More recently, Kalyanaraman (2014) estimated the conditional volatility of the Saudi stock market by applying the AR(1)-GARCH(1,1) model to the daily stock returns data for portfolio management, asset allocation, and risk management for the period of 1 August 2004 to 31 October 2013. Kalyanaraman concluded that the linear symmetric GARCH (1,1) model is adequate for estimating the volatility of the Saudi stock market. The finding shows that the returns of this market for the study period are characterized by volatility clustering and follow a non-normal distribution. All of the articles that are discussed in the literature review are summarized in Appendix A.
Data and Methodology

Data Description
We obtained our data from the Tadawul website and Ticker chart; specifically, we used the daily price data of the Tadawul All Share Index (TASI) and TIPISI for petrochemical industries from 10 September 2007 to 26 February 2015. We used data from 10 September 2007 to 3 August 2014 to evaluate the in-sample data for volatility modeling. The data for the period of 4 August 2014 to 26 February 2015 are used to evaluate the out-of-sample volatility forecasts. During the 2014-2015 periods, 2 the crude oil prices affected the Saudi economy, 3 the price of crude oil fluctuated greatly from about USD 100 to USD 50 per barrel (Figure 1 ). Therefore, this period provides an appropriate time horizon for evaluating the performance of volatility models.
Let P t denote the index price on day t and r t = 100 ln (P t /P t−1 ) for t = 1, 2, . . . , T, where r t is the log difference between the index prices for each index series. Following Sadorsky (2006) and Kang et al. (2009) , the daily squared returns (r t 2 ) variable was used to measure the daily actual volatility.
The graphical representation of the prices, returns, and volatility for the TASI and TIPISI are presented in Figure 2 . The left panel provides the data for the TASI, and the right panel the data for the TIPISI of petrochemical industries. Table 1 presents the summary statistics of the TASI and TIPISI return series. The table shows that the TIPISI for petrochemical industries is more volatile than the TASI. The return series for the TASI and the TIPIS are skewed to the left (i.e., negative skewness), and the return series of each exhibits high kurtosis, which suggests the presence of asymmetry. As a result, the Jarque-Bera statistics led us to reject the null hypothesis of normal distribution. The sample departures from the normal distribution are summarized by the coefficients of kurtosis and skewness. The probability density functions that can capture this phenomenon (fat tail and asymmetry) are Student-t distribution and the GED distribution. The Ljung-Box (LB) statistics for serial correlations show that the null hypothesis of no correlation up to the 20th order is rejected, and that all of the series are serial correlated. We also checked the stationarity of the time series data by using Augmented Dickey-Fuller (ADF) tests for both indexes with the intercept, and with both intercept and trend. According to the test results, the variables are non-stationary at the level specification or indexes, but their first log differences or returns are stationary. The Augmented Dickey-Fuller unit root tests support the rejection of the null hypothesis of a unit root at a significance level of 1%, which suggests that the two return series are stationary, and can be modeled directly without any further transformation. The Ljung-Box (LB) statistics for serial correlations show that the null hypothesis of no correlation up to the 20th order is rejected, and that all of the series are serial correlated. We also checked the stationarity of the time series data by using Augmented Dickey-Fuller (ADF) tests for both indexes with the intercept, and with both intercept and trend. According to the test results, the variables are non-stationary at the level specification or indexes, but their first log differences or returns are stationary. The Augmented Dickey-Fuller unit root tests support the rejection of the null hypothesis of a unit root at a significance level of 1%, which suggests that the two return series are stationary, and can be modeled directly without any further transformation.
Methodology
Modeling and forecasting the performance of various GARCH models are becoming critical processes for businesses and policy-makers around the world. We used six linear and non-linear GARCH-class models to describe and forecast the volatility of the TASI and the TIPISI for petrochemical industries. We used GARCH, AR-GARCH, and IGARCH as the applied linear models, and EGARCH, APARCH, and GJR as the applied non-linear models. In the following section, a brief discussion of each is provided. 4 3.2.1. Linear GARCH-Class Models
The GARCH model proposed by Bollerslev (1986) and based on the work of Engle (1982) is the most commonly used volatility model:
where σ 2 t is the conditional variance, and ε 2 t−1 are the past squared errors from Equation (1).
The class AR(1)-GARCH(1,1) process where the mean is modeled by a first-order autoregressive AR(1) with a GARCH(1,1) error:
IGARCH
In the integrated generalized autoregressive conditional heteroskedasticity (IGARCH) model, developed by Engle and Bollerslev (1986) , the sum of the parameters is 1 (i.e., α + β = 1) and the unconditional variance is infinite:
The Asymmetric Power of ARCH (APARCH) model developed by Ding et al. (1993) has been found to be particularly relevant in many recent applications (Mittnik and Paolella 2000; Giot and Laurent 2003) . The APARCH(1,1) model can be defined as follows:
where δ > 0, |γ i | ≤ 1 for i = 1, . . . , r, γ i = 0 for all i > r, and r ≤ p.
Note that the GJR-GARCH model can be derived or estimated from this model when δ = 2, as we will explain in the next subsection (GJR is a special case of APARCH).
4
Refer to Wei et al. (2010) for detailed discussion of GARCH-class models.
GJR
Developed by Glosten, Jagannathan, and Runkle, the Glosten-Jagannathan-Runkle (GJR)-GARCH (Glosten et al. 1993 ) is used to model asymmetry in the ARCH process. GJR-GARCH is designed to capture the potential larger impact of negative shocks on return volatility, which is known as the asymmetric leverage volatility effect (Tenenbaum et al. 2010) . The specification of the conditional variance for the GJR(1,1) model can be presented as follows:
where I t−1 = 1, if ε 2 t−1 < 0 or 0 otherwise.
EGARCH
The exponential generalized autoregressive conditional heteroskedastic (EGARCH) model was developed by Nelson (1991) . The shock is asymmetric when γ = 0, and the exponential leverage effect is present when γ < 0. Further, the persistence of shock in the EGARCH(p,q) model is measured by Σβi:
Analysis of Results
We estimated six GARCH-class models-three linear models (GARCH, AR-GARCH, and IGARCH) and three non-linear models (EGARCH, APARCH, and GJR)-to describe and forecast the volatility of the TASI and the TIPISI for petrochemical industries. Table 2 presents the in-sample estimation results for the different volatility models of TASI using the Student-t distribution (Panel A) and the GED distribution (Panel B). Table 2 also presents the results of the diagnostic test for the standardized residuals. Table 2 (Panel A and Panel B) also shows that the β coefficients of all the stocks are statically significant, which indicates that Saudi stocks are subject to time-clustering volatility. It is shown also that β is close to one for IGARCH and EGARCH, and significant at the 1% level. That is, there is a high degree of volatility persistence in the Saudi stock market. Further, the coefficients of all of the GARCH models are significant at all significance levels, which indicates that all of the models have a high level of validity.
We used log likelihood and AIC to determine the distribution (i.e., Student-t distribution and GED distribution) that fits the data the best. Table 2 (Panel A and Panel B) indicates that the GED distribution has the highest log likelihood value and the lowest AIC value of all the GARCH-class models relative to the Student-t distribution, which means that the GED distribution fits the TASI data better than the Student-t distribution does. This will be important in our discussion of the forecasting accuracy criteria of the TASI. Table 3 presents the in-sample estimation results for the different volatility models of the TIPISI of the petrochemical industries using the Student-t distribution (Panel A) and the GED distribution (Panel B). The table shows that β is close to one for IGARCH and EGARCH with significance at the 1% level. This means that there is a high degree of volatility persistence in the Saudi stock market. In addition, the coefficients of almost all the GARCH models are statistically significant, which suggests that the models have a high level of validity. We also applied log likelihood and Akaike information criterion (AIC) to determine the distribution that fits the TIPISI data best. Table 2 (Panel A and Panel B) indicates that the Student-t distribution has the highest log likelihood value and the lowest AIC for all the GARCH-class models relative to the GED distribution, which means that the Student-t distribution fits the TIPISI data better than the GED distribution does.
We adopted three loss functions as the forecasting criteria (Poon and Granger 2003) : the Mean Square Error (MSE), the Mean Absolute Error (MAE), and the Mean Absolute Percentage Error (MAPE). We considered these criteria in assessing the forecasting accuracy of the GARCH-class models. Table 4 presents the values of these forecasting accuracy criteria for the out-of-sample TASI forecasts at the one-day forecasting horizon. The first column in this table lists the base models (i.e., the conditional volatility models). Based on various forecasting criteria or loss functions, APARCH, followed by EGARCH, was the model that performed best for the TASI with the lowest value on all three criteria regardless of the non-Gaussian distribution. In sum, our results show that the non-linear GARCH-class models, and specifically the APARCH model, are more effective than the linear models for capturing the short-run dynamics of the TASI's volatility. Table 5 presents the values of the forecasting accuracy criteria for the out-of-sample TIPISI forecasts at the one-day forecasting horizon using the Student-t distribution (Panel A) and the GED distribution (Panel B). Panel A shows that GJR, followed by APARCH, was the model with the best performance for the TIPISI of the petrochemical industries on all three criteria. Panel B shows that IGARCH, followed by GJR, was the model with the best performance on the TIPISI of the petrochemical industries on two of the three criteria. Note that the GED distribution for the TIPISI is not of interest, as the Student-t distribution fits the TIPISI data better than the GED distribution does. That is, GJR is the most accurate model for forecasting the volatility of the TIPISI for the petrochemical industries. The major results up to this point indicate that the APARCH model is the most accurate for forecasting the volatility of the TASI, given that this model outperforms the others in evaluating model estimation. However, for forecasting volatility, we used an in-sample period of both high and low volatility to forecast a period of moderate volatility. Would the results be the same if we had excluded periods of high volatility (i.e., 2007, 2008 , and the first half of 2009, as shown in Figure 2 )? To answer this question, we reproduced Tables 4 and 5, and found that the results are still valid. In more detail, Table 4 was reproduced after excluding the financial crisis and Saudi Arabia's stock collapse periods (i.e., from January 2007 to June 2009). We used the data from 1 July 2009 to 3 August 2014 to evaluate the in-sample data for volatility modeling. Based on the various loss functions (Table 6) of all the models, APARCH performed the best for the TASI with the lowest value on all three criteria, regardless of the non-Gaussian distribution. In other words, these results further confirm that the APARCH model is more effective than the linear models at capturing the short-run dynamics of TASI volatility. In terms of the TIPISI for the petrochemical industries, the major results based on the full sample indicate that the GJR model is the most accurate for forecasting TIPISI volatility (see Table 7 ). In order to check robustness, we reproduced Table 5 after excluding the financial crisis period and Saudi Arabia's stock collapse period. According to our results for all the models, APARCH performed the best for the TIPISI of petrochemical industries on all three of the criteria. It is worth noting that the GED distribution of the TIPISI index is not of interest, as the Student-t distribution fits the TIPISI data better than the GED distribution. These results confirm that the APARCH and GJR (which is a special case of APARCH) models are more effective than the linear models for capturing the short-run dynamics of the TIPISI. Finally, it is worth noting that the differences presented in the loss functions for APARCH, EGARCH, and GJR are very small, which may indicate that these models are as good as the others.
To test for that, we perform Diebold-Mariano test to compare the predictive accuracy between two forecast methods (with a null hypothesis that the forecast accuracy is equal). For the full sample, the Diebold-Mariano test results (see Table 8 ) indicate the superiority of APARCH over EGARCH and GJR for the TASI and the superiority of GJR for the TIPISI. As for the period of 1 July 2009 to 3 August 2014 (i.e., after excluding the period of high volatility), the Diebold-Mariano test results (see Table 9 ) show that the APARCH model performs better than the EGARCH and GJR models for the TASI under the GED distribution. As for the TIPISI, the DieboldMariano test shows the superiority of the APARCH model under the Student-t distribution. In sum, the Diebold-Mariano test results are in line with our findings regarding the best fit model for both the TASI and TIPISI data. After finding the best models for each index, we provided a further application for testing the forecasted volatility values. In fact, understanding modeling and forecasting performance is relevant for investment portfolio management and hedging against risk. This paper contributes to the field by providing the investment community with a model for assessing and forecasting the risk attendant upon investing in the Saudi stock market. For example, with these results, investors are better informed about the petrochemical industry stocks in their portfolio profiles, which is an important consideration, given the need to model and forecast daily returns volatility, as optimal decision making relies on understanding how returns can fluctuate over a given time horizon. Put differently, based on this study, investors can avail themselves of information to support accurate decision making in terms of their investments and portfolio diversification.
Conclusions
In this paper, we focused on the econometric modeling of volatility and the family of GARCH-class models for the Saudi stock market. Our purpose was to evaluate the forecasting performance of linear and non-linear generalized autoregressive conditional heteroskedasticity (GARCH)-class models in terms of their in-sample and out-of-sample forecasting accuracy for the Saudi stock market index, TASI, and the TIPISI for petrochemical industries. In other words, we made contributed to addressing the gap in the literature by identifying the volatility model that outperforms other models in terms of in-sample and out-of-sample forecasting accuracy for the Saudi stock market.
We compared the forecasting performance of several GARCH models in regard to out-of-sample forecast ability. The GARCH models were evaluated based on their ability to forecast future returns. According to the results obtained by the three loss functions-MSE, MAE, and MAPE-we concluded that the most appropriate models for modeling the volatility of TIPISI for the full sample and after excluding periods of high volatility are GJR and APARCH, respectively. We also conclude that the APARCH model is the most accurate for forecasting the volatility of TASI for the full sample and after excluding periods of high volatility. These results are also confirmed by these obtained from the Diebold-Mariano test.
These results are also confirmed; that is, non-linear GARCH-class models can provide a good approximation for capturing the TASI and TIPISI for petrochemical industries. This finding is robust, even when the financial crisis and Saudi Arabia's stock collapse period are excluded from the data. Furthermore, the results of this study support those of previous studies, in which it is concluded that compared with linear GARCH-class models, non-linear GARCH-class models are a better fit for measuring the volatility of stock market returns (e.g., Gabriel 2012; Al Rahahleh 2017) .
The practical implication of our results are that traders in the Saudi stock market might consider these models in understanding risk in the petrochemical industries and the riskiness of the Saudi stock market in general, which may help them in their approach to risk management strategies for the daily stock market index returns. Further, these results imply that the APARCH model might be more useful than other models when implementing risk management strategies and developing stock pricing model.
As modeling and forecasting the performance of various GARCH models are becoming critical processes for businesses and policy-makers around the world, our results are of benefit to policy-makers in predicting the riskiness of the two indices examined herein. 
